Marker gene sequencing of microbial communities has generated big datasets 2 of microbial relative abundances varying across environmental conditions, sam-3 ple sites and treatments. These data often come with putative phylogenies, 4 providing unique opportunities to investigate how shared evolutionary history 5 aects microbial abundance patterns. Here, we present a method to identify the 6 phylogenetic factors driving patterns in microbial community composition. We 7 use the method, phylofactorization, to re-analyze datasets from human body 8 and soil microbial communities, demonstrating how phylofactorization can be 9 a dimensionality-reducing tool, an ordination-visualization tool, and also mass-10 produce inferences on the edges in the phylogeny in which meaningful dierences 11 arose. 12
clades are driving dierences in microbial community composition across sample 33 categories or measured biotic or abiotic gradients [24] . In this paper, we take on 34 these challenges by developing a means to perform regression of biotic/abiotic 35 gradients on branches in the phylogenetic tree, allowing dimensionality reduc-36 tion to a series of branches in the phylogeny in a manner consistent with the 37 compositional nature of the data. clade is unknown by choosing a stopping function aimed at stopping when there is no evidence of a remaining signal. By stopping the iteration when the distribution of P-values from analyses of variance of regression on candidate ILR basis elements is uniform (specically, stopping when a KS test against a uniform distribution yields P > 0.05), we obtain a conservative estimate of the number of phylogenetic factors in the data.
cates that a few clades explain a large fraction of the variation in the data, and 135 many more clades can be identied as containing the same intricate detail as the 136 phylogenetic factors presented below. The biology of microbial human-body-site 137 association can focus on these dominant factors -which traits and evolutionary 138 history drive these monophyletic groups' strong, common association with body 139 sites? 140
The rst factor (P = 4.90 × 10 −30 ) split Actinobacteria and Alpha-, Beta-141 , Gamma-, and Delta-proteobacteria from Epsilonproteobacteria and the rest 142 (Fig. S4) . The underlying generalized linear model predicts the Actinobacteria 143 and non-Epsilon-proteobacteria to be 0.4x as abundant as the rest in the gut and 144 3.7x as abundant as the rest in the tongue. The Actinobacteria identied as more 145 abundant in the tongue include four members of the plaque-associated family 146
Actinomycetaceae, one unclassied species of Cornybacterium, three members 147 of the mouth-associated genus Rothia [20] , and one unclassied species of the 148 vaginal-associated genus Atopobium [9] . With a standard multivariate analysis 149 of the CLR-transformed data, all nine of these Actinobacteria were identied 150 as signicantly more abundant in the tongue from regression of the individual 151
OTUs when using either a 1% false-discovery rate or a Bonferonni correction -152 these monophyletic taxa all individually show a strong preference for the same 153 body site, and their basal branch was identied as our rst phylogenetic fac-154 tor. The remaining Alpha-, Beta-, Gamma-and Delta-proteobacteria grouped 155 with the Actinobacteria consisted of 31 OTUs, and the Epsilonproteobacteira 156 split from the rest were three unclassied species of the genus Campylobacter. 157
The grouping of Actinobacteria with the non-Epsilon Proteobacteria motivates 158 the need for accurate phylogenies in phylofactorization, but also illustrates the 159 promise of identifying clades of interest where the phylogeny is correct and the 160 taxonomy is not. 161
The second factor (P = 1.15 × 10 the third factor were all of the genus Prevotella, including the species Prevotella 174 melaninogenica and Prevotella nanceiensis found to have abundances 0.3x as 175 abundant in the gut and 4.0x as abundant in the tongue relative to the other 176 taxa from which they were split. 177
These rst three factors capture major blocks visible in the dataset (Fig. 1) can 178 be used as dimensionality reduction tool with a phylogenetic interpretation (Fig.  179   1 Taxonomic-based analyses would either omit these unclassied genera, or group 201 them together and make it dicult to observe a signal due to the two sub-groups 202 having dierent responses to body site. 203
Performing regression on centered log-ratio (CLR) transformed OTU tables 204 yielded 236 signicant OTUs at a false-discovery rate of 1%, and the phylo- . The rst factor separates Actinobacteria and some Proteobacteria from the rest, the second factor separates the class Bacilli from the remaining non-Proteobacteria and non-Actinobacteria, the third factor pulls out the genus Prevotella from Bacteroidetes and indicates that it, unlike many other taxa in Bacteroidetes, is unrepresented in the tongue. Each factor captures a major block of variation in the data, and the orthogonality of the ILR coordinates from each factor allow multiple factors to be combined easily for estimates of community composition. coordinates of the rst three factors (Fig. 2a) . Interestingly, the fourth factor identies a large collection of 193 OTUs in the re-237 mainder of phylum Acidobacteria (i.e. those Acidobacteria not mentioned above 238 in factors 1 and 3) as having relative abundances that increase with pH (dom-239 inance analysis: 94.79% of explained variance attributable to pH). Unlike the 240 previous three factors above which were acidophiles, this monophyletic group of 241 Acidobacteria consists of alkaliphiles, which includes the classes Acidobacteria-6, 242
Chloracidobacteria, S053 and three OTUs unclassied at the class level. 243
The rst four factors can be used to dene 5 bins of OTUs that we refer to as 244 binned phylogenetic units or BPUs: a monophyletic group of Acidobacteria 245 (classes Chloracidobacteria, Acidobacteria-6, and S035), another monophyletic 246 group of Acidobacteria (classes Solibacteres and TM1), a monophyletic group of 247 several families of the order Actinomycetales, a monophyletic group of Acidobacof the remaining taxa. Binning the OTUs based on these BPUs tells a simplied 250 story of how pH drives microbial community composition (Fig. 2b) . 251 (1) and the ILR coordinate is regressed against the independent variable. The edge which maximizes the objective function is chosen. Depicted above, the rst factor corresponds to the edge separating antibiotic susceptible bacteria from the rest. Then, the tree is split -all subsequent comparisons along edges will be contained within the sub-trees. The conceptual justication for limiting comparisons within sub-trees is to prevent over-lapping comparisons: once we identify the antibiotic susceptible clade, we want to look at which taxa within that clade behave dierently from do that, we draw on the isometric log-ratio transform from compositional data 398 analysis, which has been used to search for a taxonomic signature of obesity 399 in the human gut ora [14] and incorporated into packages for downstream 400 principal components analysis [21] . However, to the best of our knowledge, 401 the previous literature using the isometric log-ratio transform in microbiome 402 datasets has used random or standard sequential binary partitions, and not 403 explicitly incorporated the phylogeny as their sequential binary partition. 404 The Isometric Log-Ratio Transform of a rooted phylogeny 
where g(y R ) is the geometric mean of all y i for i ∈ R. (1) 423 can be intuited as the average dierence between taxa in two groups, and splits 424 in the tree which meaningfully dierentiate taxa will be those splits in which 425 the average dierence between taxa in two groups changes predictably with an 426 independent variable. Inferences on ILR coordinates, then, map to inferences 427 on lineages in the phylogenetic tree. (Fig. 4a) . Second, all partitions between aected 450 clade and the root will be aected. If each balance is tested independently, 451 the rooted ILR may identify many clades that are aected by antibiotics; the 452 correlations between coordinates can yield a high false-positive rate if just one 453 clade is aected (Fig. 4b) . Finally, the ILR transformation does not work with 454 polytomies common in real, unresolved phylogenies. Any polytomy will produce 455 a split in the phylogeny between three or more taxa, and there is no general 456 way to describe the balance of relative abundances of three or more parts using 457 only one coordinate. 
503
For the second iteration, another set of candidate ILR coordinates is constructed 504 such that their underlying balancing elements are orthogonal to the rst ILR 505 coordinate. Orthogonality is ensured by constructing ILR coordinates contrast-506 ing the abundances of taxa along each edge, restricting the contrast to all taxa 507 within the sub-tree in which the edge is found. A new edge, e + 2 , which maximizes 508 the objective function is chosen as the second factor, the sub-tree containing this 509 edge is cut along this edge to produce two sub-trees, and the process is repeated 510 until a desired number of factors is reached or until a stopping criterion is met. 511
More details on the algorithm, along with a discussion on objective functions, 512 is contained in the SI. 513
While one could use other methods of amalgamating abundances along edges, 514 the conceptual importance of using the ILR transform is twofold: the ILR trans-515 form has proven asymptotic normality properties for compositional data to allow 516 the application of standard multivariate methods [11] , and the ILR transform 517 serves as a measure of contrast between two groups. The log-ratio used in phylo-518 factor is an averaged ratio of abundances of taxa on two sides of an edge (see 519 supplement for more detail), thus phylofactorization searches the tree for the 520 edge which has the most predictable dierence between taxa on each side of the 521 edge, or, put dierently, the edge which best dierentiates taxa on each side. 522
Thus, each edge that dierentiates taxa and their responses to independent 523 variables is considered a phylogenetic factor driving variation in the data. 524
The output of phylofactorization is a set of orthogonal, sequentially less im-525 portant ILR basis elements, their predicted balances, and all other information 526 obtained from regression. After the rst iteration of phylofactorization, we are 527 left with an ILR basis element corresponding to the edge which maximized our 528 objective function and split the dataset into two disjoint sub-trees, or sets of 529
OTUs that we henceforth refer to as bins, and we have an estimated ILR 530 balancing element,x * 1 (X), where X is our set of independent variables. Sub-531 sequent factors will split the bins from previous steps, and after n iterations 532 one has n factors that can be mapped to the phylogeny, n + 1 bins for bin- is no phylogenetic signal, we anticipate the true distribution of P-values to be 587 uniform (albeit with some dependence among the P-values due to overlap in the 588
OTUs used in the ILR coordinates). Thus, we tested the ability of phylofactor 589 to correctly identify the number of clades if phylofactorization is stopped when 590 a KS test of the P-values produces its own P-value P KS > 0.05.
591
We simulated 300 replicate communities with M clades for each M ∈ {1, ..., 10}. informative base pairs for phylogenetic tree construction. We used the phylo-608 genetic tree that is included with the greengenes database for all analyses. The 609 resulting OTU table was rareed to 6000 sequences per sample. 610 10 time points were randomly drawn from each of the male tongue, female 611 tongue, male feces and female feces datasets, giving a total of n=20 samples at 612 each site. Taxa present in fewer than 30 of the 40 samples were discarded, and 613 phylofactorization was done by adding pseudo-counts of 0.65 to all 0 entries in 614 the dataset [1] , converting counts in each sample to relative abundances, and 615 then regressing the ILR coordinates against body site. The complete R script 616 is available in the le Data Analysis pipeline of the FT microbiome. 617
Complete phylofactorization of this dataset was performed by stopping the al-618 gorithm when a KS-test on the uniformity of P-values from analyses of variance 619 of regression on candidate ILR-coordinates yielded P KS > 0.05. These results
620
were compared with a standard, multiple hypothesis-testing analysis of CLR-621 transformed data. The summary of the taxonomic detail at the rst three factors 622 is provided in the results section, and a full list of the taxa factored at each step 623 is available in the supplement and can be further explored using the R pipeline 624 provided. 625
Analysis of Soil microbiome data 626
The soil microbiome dataset from [28] was included to illustrate the ability 627 of phylofactor to work on bigger microbiome datasets with continuous indepen-628 dent variables and multiple regression. Details on sample collection, sequencing, 629 meta-data measurements and OTU clustering are available in [28] . The phy-630 logeny was constructed by aligning representative sequences using SINA [27] , 631 trimming bases that represented gaps in ≥20% of sequences, and using fasttree 632 [26] . 633
The complete dataset contained 123,851 OTUs and 580 samples. Data were 634 ltered to include all OTUs with on average 2 or more sequences counted across 635 all samples, shrinking the dataset to D=3,379 OTUs. The data were further 636 trimmed to include only those samples with available pH, C and N meta-data, 637 reducing the sample size to n=551. 
